










































































































































































































































































































































































































































WTS	–	Estimation	(2)	 A key enhancement of gologit2 is that it allows some of the 
beta coefficients to be the same for all values of j, while 
others can differ.  i.e. it can estimate partial proportional 
odds models. For example, in the following the betas for X1 
and X2 are constrained but the betas for X3 are not.















Table 2 – Ordered logit regression, PPOM, ticket type as reponse variable. 
 
 coef.  se(coef)  coef.  se(coef) 
 T1  T3 
_cons 2.0595 * 1.1213  1.8651 * 1.1138 
RepeatN -0.2052 ** 0.0946  -0.2052 ** 0.0946 
HCons 1.0355 *** 0.3231  0.5609 ** 0.2737 
LCons -0.0766  0.2391  -0.0766  0.2391 
Accomp 0.3962  0.3956  0.9672 *** 0.3528 
Boo24 0.0083  0.0058  0.0083  0.0058 
BookVis -0.3544  0.2691  -0.3544  0.2691 
Age -0.0547  0.0520  -0.0547  0.0520 
Age2 0.0007  0.0006  0.0007  0.0006 
ActAHome -0.3024  0.2323  -0.3024!  0.2323 
Overnight -0.6222 ** 0.2544  -0.6222 ** 0.2544 
Edu -0.0254  0.0203  -0.0254  0.0203 
Income40 -0.3208  0.3522  -0.3208  0.3522 
Income_miss -0.2720  0.7536  -0.2720  0.7536 
PeerPar 0.8586 *** 0.2646  0.8586 *** 0.2646 
PeerTot 0.2484 *** 0.0870  0.0974  0.0720 
 
*** p<0.01; ** p<0.05; * p<0.1. T1, T2 and T3 refer to ticket type, where T1 < T3 < T2. N=390. 
Residual deviance = 581.1044. AIC = 619.1044. LR χ2 (18 df) = 47.07, p = 0.0002. Log likelihood 
= -285.69704. Pseudo R2 = 0.0761. Reference category: not accompanying anyone, did not visit the 
bookshop, not going home/to hotel after the visit, same-day visitor, income below the median 





































































The dependent variable is the length of stay at the museum, measured in minutes. In order to 
facilitate the reliability of the answers, respondents were asked to express it in hours. This requires 
the adoption of proper models for the handling of duration data. Additionally, as it was previously 
reported by descriptive statistics a non-negligible part of the sample was interviewed while still 
visiting. In the duration models framework this is seen as right censoring, as the information 
regarding the actual length of the whole visit is not available. 
Our estimation approach will first employ Kaplan-Meier nonparametric estimates of the survivor 
function ! !  (Cameron and Trivedi, 2005). Given the duration of the museum visit ! and discrete 
failure times !! < ⋯ < !! < ⋯ < !!, ! !  is the probability that duration of the visit is greater than 
a given time !, that is ! ! = ! ! > ! . Sample Kaplan-Meier estimator of the survivor function is 
defined as 
! ! = !!!!!!!!|!!!!  (1) 
where !! is the number of spells ending at time !!, !! = !! +!!!|!!!  is the number of spells at 
risk to end just before time !! with !! being the number of spells censored in !! , !! + 1 . 
Equation (1) provides unconditional results about the probability to continue the visit as time 
passes. To analyse the determinants of the length of stay we will instead focus on the hazard 
function ! ! , which measures the probability to end the visit if the visit has lasted until !. Clearly, 
there is a relationship between ! !  and ! ! . The unconditional hazard function is given by: 
! ! = ! !!!!!!!!|!!!!! = ! !! !  (2) 
with ! !  being the density function of !.  
There are sev ral parametric models that can be adopte  for our scope of modelling conditional 
hazard function, that is given a set of covariates. However they require narrow assumptions and 
! 11!
may produce inconsistent estimates in case of misspecification, or for their most flexible functional 
forms are difficult to identify and estimate (Cameron and Trivedi, 2005). This is why we adopt the 
semi-parametric Cox (1972, 1975) proportional hazard model (CPHM). CPHM factorizes 
conditional hazard as ! !|! = !! ! ! !,! , with only ! !,! = exp !!!  being specified, 
whereas the baseline !! !  is not. This implies that both the time-independent part including 
coefficients, and the time-dependent baseline not including !’s, can be non-simultaneously 
estimated. The model is called proportional hazard as it assumes that, given regressors !! and !!, 
their conditional hazards ! !|!!  and ! !|!!  are proportional to each other and independent from 
time. Efron’s method is adopted to handle ties, that is individuals whose visits have lasted for the 
same time. After partial likelihood coefficients estimates via Newton-Rhapson method are obtained, 
we assess the baseline function !! !  through conditional Kaplan-Meier estimator as in Equation 
(2), where observed values are replaced by post-estimation fitted ones. 
<Figure 1 about here> 
<Table 2 about here> 
 
Results and discussion 
 
Figure 1 displays the unconditional Kaplan-Meyer estimation of the survivor function, together with 
95% pointwise confidence band. As expected, from a descriptive point of view the survival rate is 
stable and then decreases until it reaches length of stay of more than 5 hours.  
Table 2 reports the coefficients estimates for the CPHM. Both raw coefficients and hazard ratios 
(i.e., exp of each coefficient) are reported. Proportionality assumption was tested and found in the 











Table 3 – Cox proportional hazard model, duration of the visit in minutes as response variable. 
 
 coef  se(coef) hazard ratio 
RepeatN -0.0590  0.0518 0.9427 
HCons -0.1402  0.1621 0.8692 
LCons -0.3423 ** 0.1522 0.7101 
Accomp -0.4284 ** 0.2008 0.6515 
Boo24 -0.0010  0.0039 0.9989 
BookVis -0.3640 ** 0.1653 0.6949 
Age -0.0735 ** 0.0306 0.9291 
Age2 0.0008 ** 0.0003 1.0008 
ActAHome 0.1817  0.1536 1.1993 
Overnight 0.2178  0.1617 1.2434 
Edu -0.0063  0.0130 0.9937 
Income40 0.0319  0.2263 1.0324 
Income_miss -0.4851  0.5489 0.6156 
PeerPar -0.4206 ** 0.1635 0.6566 
PeerTot -0.0248  0.0294 0.9755 
 
*** p<0.01; ** p<0.05; * p<0.1. Co c rdan e = 0.615 (se = 0.029). R2 = 0.071 (max possible = 
0.991). LR (15 df) = 28.76, p<0.05. Wald test (15 df) = 27.96,  p<0.05. Score (logrank) test (15 df) 
= 28.03, p<0.05. Reference category: not accompanying anyone, did not visit the bookshop, not 
going home/to hotel after the visit, same-day visitor, income below the median (€40,000), income 
declared, visited the museum without partner. 
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LOS	1	
•  HCons:	no	impact		
ü  tendency	to	pay	for	longer	visit.	
ü  This	does	not	imply	a	longer	stay	(the	comprehension	of	the	symbolic	meanings	of	the	exhibits	is	easy	for	them?)	
•  LCons:	they	stay	more	
ü  seems	to	deny	that	light	motivation	is	associated	with	a	superBicial	fruition	of	museums’	contents	
ü  lack	of	familiarity	with	the	informal	learning	environment	of	museums,	and	tend	to	take	more	time	to	complete	their	visit	
ü  then,	cultural	capital	accumulation	may	happen	regardless	visitors’	light	motivation	
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LOS	2	
•  Accomp:	positive	impact	
ü  while	in	company,	the	perception	of	time	passing	is	different	…	
ü  or	visiting	in	groups	induces	long	confrontation	of	opinions	or	longer	enjoyment	of	the	park	of	Vittoriale	
ü  this	happens	irrespectively	of	the	number	of	peers	–	PeerTot	
•  The	presence	of	the	partner	(PeerPar)	concurs	to	decrease	the	probability	to	end	the	visit	
•  Boo24	and	Edu:	insigniBicant	predictors,	as	for	WTS	
ü  Darrel	(2005)	and	museum	fatigue:	visitors’	attributes	do	not	seem	to	be	particularly	important.	But	there	are	exceptions.	Though	Age	is	signiBicant	and	suggests	non-linearity	in	the	relationship.		
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Conclusion	1	
•  Motivation	partially	matters	
ü  hard	motivated	cultural	consumers	exhibit	intention	to	stay	longer	
ü  those	who	are	searching	for	a	recreational	experience	tend	to	have	longer	actual	stay	
•  In	spite	of	their	light	motivation,	some	tourists	tend	to	engage.		
•  Previous	work	(Brida	et	al.,	2015):	light	motivation	is	associated	with	infrequent	attendance	
ü  learning	takes	place	no	matter	individual	motivations	
ü  however,	for	those	having	mostly	recreational	motivations	learning	is	not	enough	to	induce	addiction	to	cultural	consumption.		
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Conclusion	2	
•  Museums	curators	
ü  diversity	of	their	audience	
ü  it	makes	sense	to	try	to	attract	the	occasional	traveller	in	search	for	leisure	and	entertainment	
ü  it	does	not	contrast	with	the	traditional	mission	of	museums,	where	culture	is	preserved	and	transmitted	to	visitors	while	exhibited.	In	fact,	transmission	can	take	place	also	when	tourists	visit	a	museum	with	a	light	motivation.	
•  Museums	funding	
ü  tourist	boards	may	be	involved	
ü  museums	are	not	attractions	for	the	average	tourist	who	is	not	addicted	to	culture,	whereas	cultural	tourists	are	a	small	segment	of	the	market.		
ü  however,	once	at	the	museum,	also	lightly	motivated	tourists	are	
likely	to	exhibit	some	engagement,	which	makes	a	museum	a	signiBicant	part	of	their	overall	experience.	
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Conclusion	3	
Museums	face	a	multi-faceted	demand,	and	they	must	be	careful	in	catering	to	all	segments	without	causing	one	crowding	out	the	other.		
•  In	this	sense,	the	contents	of	the	core	service	they	supply	is	crucial.	
•  Exhibitions	are	the	solution	to	the	problem,	as	they	can	attract	both	art	
lovers	and	agents	only	interested	in	them	as	fashionable	events.			In	order	to	provide	leisure	visitors	with	a	satisfying	experience,	even	more	important	are	opening	times,	quality	of	non-core	services	
(bookshops,	cafés	and	restaurants),	easy-to-read	short	bookguides	
to	exhibitions	in	addition	to	the	classic	coffee	table	book,	etc.			Impact	of	peer-effect:	discounted	tickets	for	groups	and	families,	or	
promotional	policies	that	would	involve	groups	of	people.		
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Conclusion	4	Costs!	
•  Increase	the	supply	of	additional	services	(i.e.,	cafes,	bookshops,	etc.)?		
•  Do	segmentation	policies	take	place	at	the	expense	of	the	core	missions	of	museums,	namely	conservation	and	education?	
•  Trade-offs:	create	an	icon	VS	run	a	cultural	institution	
ü  core	cultural	mission	VS	the	creation	of	an	attraction	for	a	vast	
audience	
ü  conservation	and	maintenance	costs	VS	running	costs	to	attract	
more	people	
•  Incentives	and	free	riding:	improvements	to	non-core	
services	would	beneVit	particularly	to	the	local	tourism	
sector	
ü  however,	hotel	owners	could	object	that	it	is	them	bringing	visitors	to	the	museum,	not	the	contrary	…	
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Conclusion	5	
•  Warning		
ü  we	are	using	reported	time	of	visit,	not	actual	time	of	visit.		
ü  Bollo	and	Dal	Pozzolo	(2005):	the	two	are	often	very	different,	with	a	predominantly	positive	bias	characterising	reported	time	
ü  this	bias	may	be	more	frequent	in	the	case	of	constantly	occasional	museum	visitors	
o  they	are	likely	not	to	be	used	to	museum	fatigue	
o  therefore	tend	to	perceive	the	time	at	the	museum	as	tiring,	hence	long	
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